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ABSTRACT 
Given that users are simultaneously connected in multiple 
communication channels in a social networking service site (e.g., 
chat, message, and group message), we explore user’s collective 
networking behavior. We collected the data from a mobile social 
networking site with 4.8 million registered users. The empirical 
estimation shows interesting results: (1) there are cross-effects 
across the communication channels: substitute effects for “chat 
and message” and complementary effects for “message and group 
message” and “chat and group message” (2) there is significant 
local network effect but global network effect is not observed, (3) 
users utilize communication channels for different purposes 
according to their networking activity level (conveying simple 
information vs. building sophisticated inter-relationship), and (4) 
we identify the distinct evolutionary trajectories of an individual 
user’s networking behavior by channel: negative slopes for chat 
and message vs. upward trend for a group message. Our 
experimental study shows that we can better predict the word of 
mouth (WOM) effects by understanding users’ collective 
networking behavior across diverse channels. 
Categories and Subject Descriptors 
J.4 [Computer Applications]: Social and Behavior Sciences- 
Economics 
General Terms 
Management, Economics Experimentation 
Keywords 
Mobile Social Network; Multiple Communication Channels; 
Evolution of Networking Behavior; Cross-Effects 
1. INTRODUCTION 
Social networking sites (SNSs, also called social networking 
service sites) have shown phenomenal growth. In 2011, the 
number of social network users worldwide was bit more than 1.17 
billion and the number has reached 1.40 billion in 2012, showing 
around 20% increase. The number of Facebook users is expected 
to exceed 1 billion in 2013. Given the phenomenal online/mobile 
social network activities, previous studies have been exploring a 
social network structure (the interactivity among users and their 
network formation) as an emergent property of social interactions 
[1, 2] and/or the managerial implication of the social relations as 
its economic outcome [3-6]. 
Previous studies have not substantively addressed multiple 
relationships among users, even though users are generally 
connected through diverse/multiple channels. In practice, social 
networking sites basically provide numerous communication 
venues for users to share their views, preferences, or experiences 
with others including the evaluation of a certain product or service 
(e.g., chat, message, group message and blogging). There are very 
few studies that explore multiplex relationships in social 
networks. The only prior work we are aware of is a recent paper 
by Ansari et al. [1]. They examine the structure of social 
relationships across three networks separately developed for 
different purposes (friendship, communication, and music 
download across artists). Also, in business-to-business (B2B) 
settings rather than a social network, Tuli et al. [7] investigates the 
effect of multiple connections between a supplier and a consumer 
(e.g., marking, R&D, servers, and licensing). In contrast to the 
relationships among different types of connections, this study 
focuses on the multiple communication channels commonly 
available in a SNS. We have three research goals: (1) examining 
how users communicate through diverse communication channels 
in a SNS, (2) understanding users’ sociological behavior 
(including network and blogging activities), and (3) its dynamics 
over time and its variations across users, particularly according to 
a user’s networking activity level. 
Methodologically speaking, most models of social network 
structure analyze a single relationship, whereas the statistical 
frameworks for multiplex network structure have been developed 
in the diverse disciplines such as sociology, statistics, and 
marketing. The simplest approach assumes that the multiple 
connections between users are independent. Then, multiple 
equations are estimated equation-by-equation and so estimates are 
not as efficient as the method to account for mutual dependency. 
Also structural autocorrelation due to the lack of independence 
among observations that is very common in a network data biases 
the estimates [8]. A correlated random effects model is one of 
most popular method to account for the dependence among the 
relationships by adjusting variance–covariance matrix of the 
correlated error terms [1, 9]. We can capture the correlation across 
relationships in the off-diagonal sub-matrices and address the 
correlation of the within-relationship in the diagonal sub-matrices. 
The method corresponds to seemingly unrelated regressions (SUR) 
model since the error terms in the equations are assumed to be 
correlated [10]. Another approach is the multiple regression 
extension of multiple regression quadratic assignment procedure 
(MRQAP) methods [11]. MRQAP methods are permutation tests 
to assess the coefficients of multiple linear regression models 
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when a correlation between the dependent variable and 
multicollinearity are suspicious, particularly in social network 
data.  
Both approaches have been verified to be effective in 
controlling/correcting the unobserved the dependency of 
relationships embedded in in social network data. Additionally, 
we need to allow for the endogenous variables on the right-hand-
side of simultaneous equations (or the system of regression 
equations) to quantitatively examine the cross-effects across 
multiple relationships (in our context, communication channels). 
We can estimate the system of structural equations via three-stage 
least squares estimation. Also, our generalized simultaneous 
equations model enables us to release the assumption of a 
symmetric interaction in dependence patterns [9] and account for 
potential asymmetric dependency across channels [12]. 
 
2. RESEARCH QUESTIONS 
We first aim to analyze the interpersonal communication 
structure across multiple communication channels (on multiplex 
communication networks) in a SNS site. As shown in general 
social network and social media sites, users communicate real 
time through diverse communication channels with peers of their 
acquaintances. Our research site also provides multiple 
communication channels (to be discussed later). Particularly, this 
study focuses on users’ social interactions in the three most 
popular communication channels (chat, message, and group 
message) because they account for most of networking activities 
in a SNS site (97% based on our dataset). 
Given that each channel has its own distinctive communication 
style (chat, message, and group message) and so may be 
preferable in a specific situation compared to the other channels. 
When both users are available online and want to discuss a 
specific topic, they can chat in a virtual space. If a user is time-
pressed at the moment, then chat is not appropriate (checking the 
online status of another user, creating chat a session, and inviting 
the user). Instead, a user sends a message (which is analogous to 
an email) to a peer. Particularly a user will choose a message to 
convey simple information without a discussion. A message is 
typically short and instantly responsive, involving considerable 
back and forth dialogue among users. Then the sequence of 
messages often takes a conversational chat structure. Chat may be 
involved in multiple users. Whereas a message is not viewable 
publicly to the other users (in contrast to social websites such as 
MySpace and Facebook) so that it is one-to-one directed 
communication channel. Users also form/ join groups to share the 
same interests and activities in a SNS site (e.g., user group, fan 
club, and discussion forums). A user can utilize a group message 
to effectively share informative or entertaining contents with the 
set of users at the same time. 
Because users are connected through multiple communication 
channels (on multiplex networks) at the same time, two users’ 
connection in a channel may affect their connections in the other 
channels – here, the connection can be measured by either (1) 
whether two users are linked or (2) how strongly they are 
connected, if they are connected. Prior research has explored the 
interaction among diverse communication channels in diverse 
communication contexts: “fixed-phone service and mobile service” 
and “voice and short message services” [13-17], not in a SNS. 
Given that SNS is omnipresent, the interaction of diverse 
communication channels remains unexplored in the existing 
literature. 
We can intuitively classify the cross-effects between two channels 
into four scenarios on two dimensions (substitute versus 
complement and symmetric versus asymmetric). As tie strength 
between two users in a communication channel (e.g., chat) is 
strengthened, their tie strength in the other networks (e.g., 
message or group message network) is either strengthened 
(complementary relationship) or weakened (substitute 
relationship). That is, if a social interaction in a channel A induces 
(or reduces) communication in channel B, then channel A is a 
substitute (complement) to channel B. Whatever its direction is 
(complement or substitute), the directions of the cross-effects can 
be the same (symmetric) or different/opposite (asymmetric). If 
both channels play the same role of complementing (or 
substituting) each other, then their mutual dependency is 
symmetric. Otherwise it is asymmetric. Given the four scenarios 
on the 2 by 2 matrix, we attempt to identify the nature of the 
cross-effects in each combination of the three channels. 
Once the cross-effects are verified, we subsequently aim to 
answer a natural question of the heterogeneous configurations of 
communication structure among users. Particularly, we examine 
the dynamics of the cross-effects depending on a user’s 
networking activity level (communication frequency). The 
configurations of communication structure between users manifest 
themselves via (1) the media via which communication takes 
place (channel) and (2) the content of communication 
(information or concept). Users can basically communicate 
through combined channels (e.g., sending a group message, 
receiving a message and creating a chat session). However, users 
may have different channel preferences due to individual user’s 
intrinsic preference (e.g., concise, intimate or open 
communication). Also, users can utilize a SNS for diverse 
purposes: (1) to exchange/share information (e.g., informative 
announcement and event organization), (2) to perceive pleasure, 
fun and enjoyment, or (3) to enhance social status (their image or 
social self-concept) through the social interaction such as 
information sharing [18]. Therefore, users would prefer different 
channels and different combinations of channels according to 
user’s networking activity level, resulting in different 
communication structure (or different cross-effects across 
channels). By examining the moderating role of a networking 
activity level, we can acquire the better understanding of the user 
heterogeneity about communication styles and supplement our 
previous question (mutual dependency across communication 
channels). 
Our next question is to examine the evolution of tie strength 
between two users over time, particularly by communication 
channels. In practice, SNSs such as Facebook and MySpace are 
growing exponentially but it just show overall upward trend. 
While many people are spending an increasing amount of time on 
SNSs, others use them minimally or discontinue use after a short 
period of time [19]. Viswanath et al. [20] examined how social 
links can grow stronger or weaker over time. They showed that 
links in the activity network on Facebook tend to come and go 
rapidly over time and that the tie strength exhibits a general 
decreasing trend as the social network link ages. Kossinets and 
Watts [21] based on email communication at a university setting 
show that the evolution of social networks is driven by network 
topology itself (including offline network structure), by the 
change of members’ interests and affiliation and their combination 
effects. But there are little longitudinal studies to examine the 
evolution of social relationships by communication channels. We 
estimate the evolutionary trajectory of the tie strength between 
two users in each communication channel. Then, we can 
understand the dynamics of a user’s communication channel 
choices over time by comparing the estimated trajectories in 
addition to the mutual dependency (cross-effects) among channels 
at time t that is our first research question. 
Users are influenced by others with whom they communicate. 
Particularly, a social network effect that a user’s choice/decision 
is (generally positively) affected by the opinion of peers 
connected to the user in a social network have been examined and 
reported in diverse contexts such as adoption of new services and 
products [4, 6, 22]. But the relationship between a user’s network 
size (the number of peers) and the user’s tie strength remains still 
unanswered, even though social contagion between two users (or 
epidemicity and diffusion process) is substantively affected by 
their tie strength [5, 23]. In this study, we develop two kinds of 
network size: (1) local network size (measured by the number of 
peers connected to a user) and (2) whole network size (measured 
by the total number of active users at time t in a SNS). All other 
things being equal, as a user increases the number of connected 
peers the tie strength with each peer should be correspondingly 
reduced when user’s network activity level is constant. If a local 
network size is representative of user’s favorable disposition 
toward SNS communication, the tie strength of a specific 
connection could be strengthen with local network size. In fact, 
we surveyed a considerable number of people on the correlation 
between local network size and spending hour with SNS. Most of 
them answered that it would be a positive causal relationship. 
Given these competing forces, the local network size on the tie 
strength is an interesting empirical question. Similarly, we 
examine how the whole network size representing social 
environment (rather than individual user’s propensity) affects the 
tie strength of a specific connection. 
 
 
3. DATA AND METHOD 
We collected the data from a mobile social networking site which 
has around 4.8 million registered users worldwide. The users 
primarily access our research site via mobile phones. As shown in 
general SNSs, our research site offers multiple communication 
channels that allow users to engage in interaction with others 
users (e.g., chat, message, group message, blog, and testimonial to 
be discussed later). 
Social networking is a tangled web so that we cannot find an 
isolated set of users in our research site, as is the usual 
observation in SNSs. Therefore, we first started our data 
collection process by defining the set of users for our empirical 
analysis. We randomly selected several users and then we traced 
users who are connected with the pre-selected users anytime 
during our research period of 20 months (from March 2011 to 
October 2012). We amount to 1000 users by repeatedly adding 
users connected to newly added users. We made different sets of 
users for internal validity (to be discussed in the robustness check 
section). Here, we span a user’s connection with any kinds of 
Table 1. Variables and Operational Definitions 
Variable Operational Definition 
i, j User index 
t Time index (month) 
Chatijt The number of chat sessions user i and j share together at t 
Messageijt The number of messages user i sends to user j at t 
GroupMessageijt 
The number of group messages user i sends in the groups users i and j are both engaged in 
at t 
Groupijt The number of groups users i and j belong to at t 
CumulChatijt The number of chat sessions user i and receive j join together at t 
CumulMessageijt The number of cumulative messages user i has sent to user j through t 
CumulGroupMessageijt 
The number of cumulative group messages user i has sent in the groups users i and j are 
engaged through t 
Testimonialijt 1 if user i leave a testimonial of user j at  t, otherwise 0 
ChatNetworkit The number of users user i is connected to at t 
MessageSentNetworkit The number of users user i sent messages to at t 
MessageReceivedNetworkit The number of users user i received messages from at t 
GroupNetworkit The number of users user i joins at t 
ChatActivityit The number of total chat sessions user i creates/joins at t 
MessageSentit The number of messages user i sent at t 
MessageReceivedit The number of messages user i received at t 
GroupActivityit The number of groups user i joins at t 
GroupMessageSentit The number of group messages user i sends at t 
TestimonialSentit The number of testimonials user i sends at t 
TestimonialReceivedjt The number of testimonials user i receives at t 
WholeNetworkSizet The total number of active users at time t over the whole network 
WholeChatSizet The total number of chat sessions at time t over the whole network 
WholeMessageSizet The total number of messages sent at time t over the whole network 
WholeGroupMsgSizet The total number of group messages at time t over the whole network 
TimeSinceSingupit The elapsed time since user i signed up through t 
TimeSinceLinkageijt The elapsed time since user i and j were connected through t 
Blogit 1 if the user i has blog at t, otherwise 0 
Activitiyit The summation of Chatijt, Messageijt and GroupMessageijt 
communication channels (e.g., chat, message, and group message) 
and so we can observe all the types of connections among the 
users in the dataset. Secondly, we recorded all the connections and 
tie strength among the chosen users every month during our 
research period resulting in the monthly panel data of 1000 users. 
Third, we need to identify the local network connections for our 
research questions pertaining to the network effects. 
3.1 Measurements 
We classify all the measures into four groups: (1) tie strength, (2) 
local network activity, (3) whole network size, and (4) user 
profile, referring to the previous literature and considering our 
research site. 
In modeling a network configuration, a user is generally defined 
as a vertex and any link (tie or connection) between vertexes 
(users) i and j is expressed as a social tie. Here, a tie is either 
directed or undirected depending on a connection type 
(communication type in our context) and it can be either 
symmetric or asymmetric when it is directed. In SNSs, 
communication activity is generally measured by the tie strength 
between two users [1]. We develop the measure of tie strength in 
each communication channel, respectively. The unit of time is a 
month so that we calibrate the tie strength between any two users 
in every month time horizon. The structure for multi-modal data is 
a set of user-by-user matrices (or "slices"), one for each 
communication channel. Our data set thus contains three 
1000×1000 matrices at each time t. The variables used throughout 
the paper and their symbols are listed in Table 1. 
3.2 Econometric Model 
The premise of this study is that a user’s social networking 
behavior is shaped by the interaction of communication channels. 
Given the social relations among users in multiple communication 
channels, we build our model to capture the variation of the tie 
strength in one channel with the communication frequencies in the 
other channels. There are several econometric issues to address: 
(1) simultaneity due to mutual influence among communication 
channels, (2) a user’s propensity for social networking activities, 
(3) the evolution of individual user’s networking behavior, (4) the 
evolution of social relationship between users, (5) the impact of 
the whole network configuration, (6) connection heterogeneity, 
and (7) user heterogeneity. We address each of these issues in 
specifying our econometric model and the corresponding 
identification issues. 
The descriptive statistics show positive correlation across 
communication channels (0.095, 0.117 and, 0.080 to be discussed 
in next section). But we cannot still determine their causality or 
they can be mutually dependent. If mutual interdependency is 
empirically verified, it is another intriguing question to examine 
whether influences are symmetric or asymmetric in both direction 
and size. We build simultaneous equations to account for 
simultaneity between a user’s networking activities across 
channels as well as the cross-equation error correlation. In our 
system of three simultaneous equations, the dependent variable is 
one of tie strength measures (chat, message and group message). 
Our estimation framework is based on the three-stage least 
squares (3SLS) method. Our econometric models include diverse 
variables to answer our research questions and/or address 
econometric issues listed above. Note that each equation has a 
different set of explanatory variables, respectively. Here, we 
describe the regression models along with their justifications in 
sequence. 
The first equation is to model the chat link between users i and j 
(Chatijt). The number of messages (Messageijt) and the number of 
group messages (GroupMessageijt) are key explanatory variables. 
We add both ChatActivityit and ChatActivityjt in the equation to 
account for both users’ local network activities in the chat 
communication channel. If the coefficients of ChatActivityit and 
ChatActivityjt are negative and significant, the chat activities with 
more diverse peers (the external expansion in a local network of 
chat) imply the weakening of the tie strength with each peer. Then, 
we can conclude that the resources allocated to the chat 
communication in a SNS (e.g., time) is limited at an individual 
level. On the other hand, if the coefficients are positive and 
significant, it indicates that the active users with more peers in a 
chat network are likely to have stronger ties with users connected 
in the network. 
A social linkage site is typically initiated by a small group of 
founders who send out invitations to join the site to the members 
of their own personal linkages (i.e., offline linkage or any linkage 
in another SNS). In turn, new members send invitations to their 
linkages, and so on. Hence, invitations have been the foremost 
driving force for sites to acquire new members. Because the 
expansion process of a SNS is not serially independent, an initial 
conditions problem occurs in our model [10, 24]. The initial 
conditions problem arises when the dependent variable is 
correlated with individual specific effect. For example, the 
networking behavior of new entrants in a SNS can be different 
from that of experienced savvy users. For each user, the first 
observation in our sample may not be the true initial outcome of 
his networking behavior. Particularly, in our context, initial 
conditions problem occur either (1) when a user newly signup a 
SNS or (2) when a user creates a new connection to another user. 
At the same time, a network activity level varies greatly by user 
according to history of networking activity (if a user evolves in 
the networking behavior). To account for the initial conditions 
problem and the evolution of network activity, we add 
TimeSinceSignupit (to control the evolution of individual users’ 
networking behavior over time) or TimeSinceLinkageijt (to control 
the evolution of relationship between users over time) in our 
regression equation. We separately add one of the two variables in 
a regression model due to muticollinearity problem (correlation 
coefficient, ρ = 0.98). We include its square (and cube terms) in 
all the equations to more accurately incorporate state dependency. 𝐶ℎ𝑎𝑡!"# = 𝛼! + 𝛼!𝑀𝑒𝑠𝑠𝑎𝑔𝑒!"# + 𝛼!𝐺𝑟𝑜𝑢𝑝𝑀𝑒𝑠𝑠𝑎𝑔𝑒!"#    
        +𝛼!𝐶ℎ𝑎𝑡𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦!" + 𝛼!𝐶ℎ𝑎𝑡𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦!" 
        +𝛼!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑆𝑖𝑔𝑛𝑢𝑝!" + 𝛼!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑆𝑖𝑔𝑛𝑢𝑝!"!  
        +𝛼!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑆𝑖𝑔𝑛𝑢𝑝!" + 𝛼!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑆𝑖𝑔𝑛𝑢𝑝!"!  
        +𝛼!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝐿𝑖𝑛𝑘𝑎𝑔𝑒!"#  
        +𝛼!"𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝐿𝑖𝑛𝑘𝑎𝑔𝑒!"#!   
        +𝛼!!𝑊ℎ𝑜𝑙𝑒𝑁𝑒𝑡𝑤𝑜𝑟𝑘𝑆𝑖𝑧𝑒!  (or  𝑊ℎ𝑜𝑙𝑒𝐶ℎ𝑎𝑡𝑆𝑖𝑧𝑒!)  
        +𝛼!"𝐵𝑙𝑜𝑔!" + 𝛼!"𝐵𝑙𝑜𝑔!" 
        +𝜏!" + 𝛿! + 𝑢!"# 
(1) 
 
While individual user’s network behavior underlies the whole 
network structure, the whole network size (caused by time-
varying social trend) affects the tie strength in each 
communication channel. Consequently, a user’s chat activity and 
the whole network size may be correlated. Therefore, the 
endogenous property of social network can arise in our setting 
unless we fully specify spurious correlated behaviors between 
users’ tie strength and social network effects in the model. Our 
basic model specification includes monthly time dummies to 
control periodic-specific noise. The other model specifications 
include (1) WholeNetworkSizet or (2) the respective measures of 
whole network activity in each communication channel 
(WholeChatSizet, WholeMessageSizet, and WholeGroupMsgSizet) 
instead of monthly time dummies to avoid endogeneity problem 
due to an omitted variable and identify the social network effects. 
We adopt a link fixed effects model for all the equations in our 
panel data to control unobservable effects embedded in any pairs 
between users. This link fixed effects model is also effective in 
controlling user heterogeneity because the separate dummies 
assigned to user i’s unique connections can account for user i’s 
unobservable factors together. The implicit assumption in the link 
fixed effects model that all the pairs have their own unique 
characteristics might not be realistic and may cause incidental 
parameters problem [25]. 
We model the tie strength of directed message link as measured 
by the number of messages user i sent to user j at time t in 
equation 2. The tie strength in chat and group message 
communication channels (Chatijt and GroupMessageijt) are 
included in this equation to capture mutual interdependency 
across channels in our system of equations. We add the number of 
messages user i received from user j at time t (Messageijt) in the 
regression model to control for the message exchange between 
two users. The equation includes MessageSentit and 
MessageReceivedit to control for a user’s local network activities 
in the message channel (how many messages the user send or 
receive in the whole network). 𝑀𝑒𝑠𝑠𝑎𝑔𝑒!"# = 𝛽! + 𝛽!𝐶ℎ𝑎𝑡!"# + 𝛽!𝐺𝑟𝑜𝑢𝑝𝑀𝑒𝑠𝑠𝑎𝑔𝑒!"#  
    +𝛽!𝑀𝑒𝑠𝑠𝑎𝑔𝑒!"# + 𝛽!𝑀𝑒𝑠𝑠𝑎𝑔𝑒𝑆𝑒𝑛𝑡!" 
    +𝛽!𝑀𝑒𝑠𝑠𝑎𝑔𝑒𝑅𝑒𝑐𝑒𝑖𝑣e𝑑!" + 𝛽!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑆𝑖𝑔𝑛𝑢𝑝!" 
    +𝛽!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑆𝑖𝑔𝑛𝑢𝑝!"!   
    +𝛽!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑆𝑖𝑔𝑛𝑢𝑝!" + 𝛽!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑆𝑖𝑔𝑛𝑢𝑝!"!  
    +𝛽!"𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝐿𝑖𝑛𝑘𝑎𝑔𝑒!"# + 𝛽!!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝐿𝑖𝑛𝑘𝑎𝑔𝑒!"#!   
    +𝛽!"𝑊ℎ𝑜𝑙𝑒𝑁𝑒𝑡𝑤𝑜𝑟𝑘𝑆𝑖𝑧𝑒!(or  𝑊ℎ𝑜𝑙𝑒𝑀𝑒𝑠𝑠𝑎𝑔𝑒𝑆𝑖𝑧𝑒!)  
    +𝛽!"𝐵𝑙𝑜𝑔!" + 𝛽!"𝐵𝑙𝑜𝑔!" + 𝜂!" + 𝜓! + 𝜀!"# 
(2) 
 
The third equation is developed to capture the variation of 
GroupMessageijt with Chatijt and Messageijt as key explanatory 
variables. We need to include Groupijt (the number of groups 
users i and j belong to together at time t) in the equation because 
both users i and j have to be engaged in the same group in order 
that a group message is effectively conveyed between the two 
users. Equation 3 also accounts for both users’ group activities in 
the social network. 𝐺𝑟𝑜𝑢𝑝𝑀𝑒𝑠𝑠𝑎𝑔𝑒!"# = 𝛾! + 𝛾!𝐶ℎ𝑎𝑡!"# + 𝛾!𝑀𝑒𝑠𝑠𝑎𝑔𝑒!"#  
   +𝛾!𝐺𝑟𝑜𝑢𝑝!"# + 𝛾!𝐺𝑟𝑜𝑢𝑝𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦!" 
   +𝛾!𝐺𝑟𝑜𝑢𝑝𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦!" + 𝛾!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑆𝑖𝑔𝑛𝑢𝑝!" 
   +𝛾!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑆𝑖𝑔𝑛𝑢𝑝!"! + 𝛾!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑆𝑖𝑔𝑛𝑢𝑝!"  
   +𝛾!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝑆𝑖𝑔𝑛𝑢𝑝!"! + 𝛾!"𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝐿𝑖𝑛𝑘𝑎𝑔𝑒!"# 
   +𝛾!!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝐿𝑖𝑛𝑘𝑎𝑔𝑒!"#!  
   +𝛾!"𝑊ℎ𝑜𝑙𝑒𝑁𝑒𝑡𝑤𝑜𝑟𝑘𝑆𝑖𝑧𝑒!  (or  𝑊ℎ𝑜𝑙𝑒𝐺𝑟𝑜𝑢𝑝𝑀𝑠𝑔𝑆𝑖𝑧𝑒!)  
   +𝛾!"𝐵𝑙𝑜𝑔!" + 𝛾!"𝐵𝑙𝑜𝑔!" +𝜒!" + 𝜋! + 𝜇!"# 
(3) 
 
4. EMPIRICAL RESULTS AND 
DISCUSSION 
4.1 Cross Effects among Channels 
The results from 3SLS estimation are given in Table 2. Our 
estimation shows that all the coefficients of tie strength (Chatijt, 
Messageijt, and GroupMessageijt) are significant indicating that the 
cross effects among channels exist. Furthermore, two coefficients 
in any combination of three channels show the same sign (either 
positive or negative) and this implies that the cross effects are 
symmetric in terms of influential direction. The direction of the 
cross effects between any two channels varies by combination: 
negative interdependency for “chat and message” and positive 
interdependency for “chat and group message” and “message and 
group message” based on all the model specifications (see Table 
2). 
Both the coefficient of message in the first equation (for chat) and 
the coefficient of chat in the second equation (for message) are 
negative and statistically significant (the estimates are -0.043 and 
-0.478 based on the second column of the pooled regression). 
These negative dependencies imply the substitutive relationship 
between chat and message. As user i communicates with user j 
with messages, user i is less likely to have chat sessions with user 
j and vice versa. In contrast to the substitutive relationship of chat 
and message, in the other two combinations (“chat and group 
message” and “message and group message”), the communication 
channels show complementary relationship, indicating that more 
communication in a channel induce more active communication in 
the other channel. 
These findings give us interesting insight in the nature of SNS 
communication. Both chat and message mainly are one-to-one 
communication channels so that users may wrap up any specific 
topic (including a talk for fun) without additional communication 
on the other channel. Therefore a chat communication is unlikely 
to induce another message correspondence and vice versa. On the 
other hand, users can select a chat channel when both users are 
available online, otherwise (when both users are not online) they 
can choose a message channel. Given that a user’s channel choice 
depends on whether both users are available online, chat and 
message can substitute each other. Among the symmetric 
complementary relationships between a group message and chat 
(or message), it is understandable that a group message induces 
more chat (or more messages) because users might need a 
(customized) one-to-one communication after one-to-many 
communication (general information conveyed to group members). 
On the other hand, the direct link from chat (or message) to a 
group message does not seem to convincing, whereas we can 
explain the complementary effects of chat (or message) on a 
group message by considering intermediate step of the increased 
likelihood that two users join the same group. That is, intimate 
communications between two users (through one-to-one channels) 
make the users to are affiliated to the same groups (or create the 
group together) and ultimately increase a group message 
communication between the users. 
4.2 Evolution of Tie Strength 
We examined the temporal interdependency among channels in 
previous section. We subsequently discuss their relationship over 
time by examining how tie strength evolves by channel. Table 3 
summarizes the estimation results based on the linear and 
quadratic formulations of elapsed time variables 
(TimeSinceLinkageijt and TimeSinceSingupit). 
All the coefficients are significant under both linear and quadratic 
formulations, indicating that a user’s network activities vary over 
time in all three channels. The evolutionary trajectories show that 
the dynamics of the tie strength differ across channels. Under a 
linear formulation of TimeSinceLinkageijt, we identify three 
distinct trajectories by channel over time. The slopes for chat and 
message are negative, supporting the previous study reporting the 
decrease of activity in a SNS, whereas a group message shows 
upward trend (1.5293, P<0.000). The estimation based on the 
TimeSinceSingupit also shows qualitatively the same pattern 
(downward for chat and message and upward for group message). 
The distinct trajectories across channels offer the insight on the 
dynamics of a user’s channel choice over time in a SNS. As the 
elapsed time since a new connection between two users increases 
(or the elapsed time since a user sign up a SNS site increases), the 
user’s communications in chat and message decrease while a 
group message-based communication increases. This indicates 
that as time passes (as users accumulate the experience of SNS), 
they prefer one-to-many communication to one-to-one 
communication activity. On the other hand, the information 
sharing through a direct and intimate communication is gradually 
converted to the communication through a group activity that is 
more efficient way of disseminating information. 
4.3 Network Activities and Network Effects 
The coefficients of all the individual network activity variables 
are positive and significant (ChatActivityit, ChatActivityjt, 
MessageSentit, MessageReceivedit, GroupActivityit and 
GroupActivityjt). They show that the tie strength is stronger for the 
user with more ties (peers, connections) than for the users with 
small ties. In other words, a user with more ties is likely to have 
stronger ties. This is easily understandable because online social 
networking activities do not require much time (compared to 
contacting acquaintances offline) and the network activity 
represents a user’s favorable propensity on social relationship in a 
SNS. The identified positive relationship between network 
activity and tie strength can be the base of WOM marketing 
implementation because tie strength is generally well 
representative of communication reach. Here, communication 
reach measures the extent which a user has an influence on 
another user’s decision. Users with many peers are more likely to 
disseminate information to the connected users than the users with 
small set of peers. In sum, the users with larger local network 
have high probability of network reach in each connection as well 
as greater network coverage. 
The coefficients of WholeNetworkSizet, WholeMessageSizet, and 
WholeGroupMsgSizet are not significant. The results show that the 
local networking activities are more influential than the nature of 
whole network. This finding support the local network effects on 
specific online activities [22]. 
 
5. DIFFERENT CROSS EFFECTS 
DEPENDING ON USER ACTIVITY LEVEL 
We have to carefully consider user characteristics in the social 
network dataset to elicit meaningful interpretation [5]. In this 
study, we split the whole sample into four groups based on the 
activity level to examine the potential difference of users’ channel 
choices according to their activity-level in a SNS. Here, we 
measure the activity level with the summation of chat sessions, 
messages and group messages. We run our main model for each 
group and the results are given in Table 4. In the first, second and 
third groups being comprised of relatively low active users, the 
six estimates for mutual dependency across channels in the three 
equations are negative and statistically significant, indicating that 
three communication channels substitute each other. In the most 
active user group, only the cross effect between a message and a 
group message is substitutive while the other four coefficients are 
positive indicating complementary relationship. 
The different patterns of the cross effects show that users 
differently utilize communication channels depending on their 
activity level. A substitutive relationship across all the three 
channels implies that a user successfully complete a specific 
communication via any channel. Then the content for the 
communication should be a simple information sharing. If 
channels complement each other, the communications are likely 
to be involved with relatively complicated issues that are likely to 
require the back and forth of conversation, rather than the flow of 
simple information. We conclude that the less active users mainly 
utilize a SNS for simple information sharing while more active 
users build more sophisticated interactions in a SNS. 
5.1 Experimental Evaluation of 
Understanding of Networking Behavior on 
Multiple Channels 
The understanding of users’ networking behavior on multiple 
communication channels in a SNS has an important bearing on 
WOM marketing. Although users are connected on multiple 
channels, previous studies on the WOM referral process mainly 
focus on a unimodal network (i.e., a communication channel) and 
so little is known about the WOM communication on multiplex 
network configuration. In this section, we predict the WOM 
effects based on users’ connections on both (1) a communication 
channel and (2) multiple communication channels. By comparing 
their predictive power, we conduct an experimental study to verify 
the usefulness of newly acquired understanding in this study. 
In our dataset, the information flow about specific products or 
movies among users is not available so that we cannot identify 
WOM communication and information flow among users. But our 
research site provides a specific tool (called testimonial) designed 
to share the information on a specific user with other users. That 
is, user i can post a comment (or evaluation, information) toward 
user j for public. Given that the testimonial behavior shows how 
close user i thinks of user j, we can measure the likelihood of 
WOM communication (passing of information) from user i to user 
j with the directed testimonial relationship. We build a regression 
model to predict a testimonial tie. 𝑇𝑒𝑠𝑡𝑖𝑚𝑜𝑛𝑖𝑎𝑙!"# = 𝛿! + 𝛿!𝐶ℎ𝑎𝑡!"# + 𝛿!𝑀𝑒𝑠𝑠𝑎𝑔𝑒!"#    
  +𝛿!𝐺𝑟𝑜𝑢𝑝!"# + 𝛿!𝐶𝑢𝑚𝑢𝑙𝐶ℎ𝑎𝑡!"# + 𝐶𝑢𝑚𝑢𝑙𝑀𝑒𝑠𝑠𝑎𝑔𝑒!"# +𝐶𝑢𝑚𝑢𝑙𝐺𝑟𝑜𝑢𝑝𝑀𝑒𝑠𝑠𝑎𝑔𝑒!"# + 𝛿!𝑇𝑒𝑠𝑡𝑖𝑚𝑜𝑛𝑖𝑎𝑙𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦!" +𝛿!𝑇𝑒𝑠𝑡𝑖𝑚𝑜𝑛𝑖𝑎𝑙𝑅𝑒𝑐𝑒𝑖𝑣𝑒𝑑!" + 𝛿!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝐿𝑖𝑛𝑘𝑎𝑔𝑒!"# 
  +𝛿!𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝐿𝑖𝑛𝑘𝑎𝑔𝑒!"#! + 𝛿!"𝐵𝑙𝑜𝑔!" + 𝛼!!𝐵𝑙𝑜𝑔!"  +𝑘!" + 𝑣! + 𝑒!"#  
 
(4) 
The dependent variable, Testimonialijt is coded as 1 if a user i left 
a testimonial for user j at time t otherwise 0, being a binary and 
directed link. The regression model includes tie strength between 
users i and j in all the three channels (Chatijt, Messageijt, and 
GroupMessageijt). We also add cumulative tie strength between 
two users because the history of connections can capture their 
intimacy enough to leave a testimonial (CumulChatijt, 
CumulMessageijt, and CumulGroupMessageijt). We control a 
sender’s propensity to leave a testimonial and a receiver’s 
propensity to receive a testimonial (TestimonialSentit and 
TestimonialReceivedjt). We insert the elapsed time since the 
connection between two users was created to account for the 
evolution of their relationship. We also add whether a user 
operates his\her blog (Blogit). We take the within transformation 
on each variable in our link fixed effects model to remove 
unobserved spurious factors over time on the link level as well as 
to eliminate the incidental parameters. The regression model has 
time dummies to account for the period time-specific noises. 
We fit data to both Equation 4 and the restricted models with the 
tie strength in a communication channel, respectively. Because 
they are nested models, we perform the likelihood ratio test. Here, 
the likelihood ratio test in each channel is conducted on the 
comparison with Equation 4. We also evaluate the better fitting 
model based on the Bayesian information criterion (BIC) or 
Akaike information criteria (AIC). Model 4 fits the data the best 
based on all the evaluation criteria (likelihood ratios test, BIC, and 
AIC).
 Pooled Model 1 Model 2 Model 3 Model 4 
DV: Chatijt      
Messageijt 
-0.0418*** 
(0.0059) 
-0.0415*** 
(0.0057) 
-0.0415*** 
(0.0057) 
-0.0406*** 
(0.0057) 
-0.0407*** 
(0.0057) 
GroupMessageijt 
0.0010 
(0.0006) 
0.0002 
(0.0006) 
0.0001 
(0.0006) 
0.0000 
(0.0006) 
0.0000 
(0.0006) 
ChatActivityit 
0.0005*** 
(0.0000) 
0.0005*** 
(0.0000) 
0.0005*** 
(0.0000) 
0.0005*** 
(0.0000) 
0.0005*** 
(0.0000) 
ChatActivityjt 
0.0007*** 
(0.0000) 
0.0007*** 
(0.0000) 
0.0007*** 
(0.0000) 
0.0007*** 
(0.0000) 
0.0007*** 
(0.0000) 
Blogit 
-0.1007 
(0.0614) 
-0.0911 
(0.0616) 
-0.0906 
(0.0617) 
-0.0837 
(0.0615) 
-0.0842 
(0.0616) 
Blogjt 
-0.0348 
(0.0594) 
-0.0538 
(0.0596) 
-0.0542 
(0.0597) 
-0.0510 
(0.0596) 
-0.0517 
(0.0596) 
WholeNetworkSizet  
0.0000 
(0.0000) 
0.0000 
(0.0000)   
WholeChatSizeit    
0.0000* 
(0.0000) 
0.0000* 
(0.0000) 
TimeSinceLinkageijt  
-0.0337*** 
(0.0039)  
-0.0304*** 
(0.0037)  
TimeSinceSingupit   
-0.0132*** 
(0.0015)  
-0.0120*** 
(0.0015) 
Constant 0.4504*** (0.0301) 
0.4733*** 
(0.0286) 
0.4746*** 
(0.0285) 
0.4794*** 
(0.0285) 
0.4795*** 
(0.0285) 
DV: Messageijt      
Chatijt 
-0.4611*** 
(0.0722) 
-0.4640*** 
(0.0711) 
-0.4600*** 
(0.0711) 
-0.4692*** 
(0.0703) 
-0.4669*** 
(0.0703) 
GroupMessageijt 
0.0164*** 
(0.0013) 
0.0169*** 
(0.0014) 
0.0170*** 
(0.0014) 
0.0170*** 
(0.0014) 
0.0172*** 
(0.0014) 
Messagejit 
0.0498*** 
(0.0057) 
0.0498*** 
(0.0056) 
0.0497*** 
(0.0056) 
0.0499*** 
(0.0056) 
0.0498*** 
(0.0056) 
MessageSentit 
0.0001*** 
(0.0000) 
0.0001*** 
(0.0000) 
0.0001*** 
(0.0000) 
0.0001*** 
(0.0000) 
0.0001*** 
(0.0000) 
MessageReceivedit 
0.0010*** 
(0.0000) 
0.0010*** 
(0.0000) 
0.0010*** 
(0.0000) 
0.0010*** 
(0.0000) 
0.0010*** 
(0.0000) 
Blogit 
0.6469*** 
(0.1587) 
0.5418** 
(0.1607) 
0.5350** 
(0.1609) 
0.5290** 
(0.1605) 
0.5186** 
(0.1608) 
Blogjt 
0.3458* 
(0.1438) 
0.3057* 
(0.1429) 
0.3058* 
(0.1429) 
0.3013* 
(0.1428) 
0.2999* 
(0.1428) 
WholeNetworkSizet  
0.0000 
(0.0000) 
0.0000 
(0.0000)   
WholeMessageSizeit    
0.0000 
(0.0000) 
0.0000 
(0.0000) 
TimeSinceLinkageijt  
-0.0278* 
(0.0113)  
-0.0290 
(0.0151)  
TimeSinceSingupit   
-0.0103* 
(0.0044)  
-0.0107 
(0.0059) 
Constant 1.4196*** (0.0696) 
1.3484*** 
(0.0711) 
1.3479*** 
(0.0710) 
1.3410*** 
(0.0710) 
1.3376*** 
(0.0710) 
DV: GroupMessageijt      
Chatijt 
5.2400** 
(1.8827) 
1.7237 
(1.8625) 
1.4268 
(1.8617) 
1.8229 
(1.8678) 
1.4856 
(1.8666) 
Messageijt 
1.0830* 
(0.4466) 
1.9733*** 
(0.4346) 
1.9958*** 
(0.4345) 
1.9980*** 
(0.4334) 
2.0230*** 
(0.4333) 
Groupijt 
0.6577* 
(0.3052) 
0.7370* 
(0.2985) 
0.7445* 
(0.2982) 
0.7280* 
(0.2975) 
0.7351* 
(0.2971) 
GroupActivityit 
0.5577*** 
(0.0546) 
0.5211*** 
(0.0531) 
0.5165*** 
(0.0530) 
0.5164*** 
(0.0529) 
0.5119*** 
(0.0529) 
GroupActivityjt 
0.8498*** 
(0.0604) 
0.7999*** 
(0.0593) 
0.7942*** 
(0.0592) 
0.7899*** 
(0.0592) 
0.7844*** 
(0.0592) 
Blogit 
26.9090*** 
(4.6725) 
28.2843*** 
(4.6751) 
28.6447*** 
(4.6750) 
28.6003*** 
(4.6683) 
28.9305*** 
(4.6684) 
WholeNetworkSizet  
0.0000 
(0.0000) 
0.0000 
(0.0000)   
WholeGroupMsgSizeit    
0.0000 
(0.0000) 
0.0000 
(0.0000) 
TimeSinceLinkageijt  
1.5293*** 
(0.3332)  
2.1137*** 
(0.4492)  
TimeSinceSingupit   
0.5462*** 
(0.1311)  
0.7335*** 
(0.1766) 
Constant 30.1526*** (1.8876) 
30.7016*** 
(1.8616) 
30.5181*** 
(1.8608) 
31.0358*** 
(1.8562) 
30.8039*** 
(1.8553) 
Model1: link fixed effects model with time dummies 
Models 2 and 3: link fixed effects model with the whole network size while controlling the evolution of 
linkage-based (signup-based) networking behavior 
Model 4 and 5: link fixed effects model with the whole group message size while controlling the evolution 
of linkage-based (signup-based) networking behavior 
Columns include parameter estimates with standard error in parentheses 
*Significant at p< 0.05 **significant at p < 0.01 ***significant at p < 0.001 
 
Table 3. Estimation Results (Evolution of Tie Strength by Channel) 
 Chatijt Messageijt GroupMessageijt 
 Linear Quadratic Linear Quadratic Linear Quadratic 
TimeSinceLinkageijt 
-0.0337*** 
(0.0039) 
-0.0109 
(0.0120) 
-0.0278* 
(0.0113) 
0.0728* 
(0.0296) 
1.5293*** 
(0.3332) 
12.8158*** 
(0.7553) 
(TimeSinceLinkageijt)2  
-0.0018* 
(0.0009)  
-0.0078*** 
(0.0021)  
-0.8715*** 
(0.0531) 
Constant 0.4733*** (0.0286) 
0.4679*** 
(0.0300) 
1.3484*** 
(0.0711) 
1.3220*** 
(0.0695) 
30.7016*** 
(1.8616) 
30.0886*** 
(1.8620) 
TimeSinceSingupit 
-0.0132*** 
(0.0015) 
-0.0319*** 
(0.0033) 
-0.0103* 
(0.0044) 
-0.0441*** 
(0.0092) 
0.5462*** 
(0.1311) 
2.0071*** 
(0.2707) 
(TimeSinceSingupit)2  
0.0004*** 
(0.0001)  
0.0007*** 
(0.0002)  
-0.0320*** 
(0.0050) 
Constant 0.4746*** (0.0285) 
0.4749*** 
(0.0283) 
1.3479*** 
(0.0710) 
1.3889*** 
(0.0700) 
30.5181*** 
(1.8608) 
29.9764*** 
(1.8715) 
 
Table 4. Estimation Results (by User Activity Level) 
 Most inactive Relatively inactive Relatively active Most active 
DV: Chatijt     
Messageijt 
-0.7330*** 
(0.0195) 
-0.7578*** 
(0.0244) 
-0.6510*** 
(0.0357) 
0.1208*** 
(0.0257) 
GroupMessageijt 
-0.6936*** 
(0.0317) 
-0.7738*** 
(0.0306) 
-0.6284*** 
(0.0377) 
0.0187*** 
(0.0021) 
DV: Messageijt     
Chatijt 
-0.8560*** 
(0.0211) 
-1.0760*** 
(0.0322) 
-1.2019*** 
(0.0754) 
0.5122** 
(0.1897) 
GroupMessageijt 
-0.7114*** 
(0.0407) 
-0.8910*** 
(0.0433) 
-0.8731*** 
(0.0397) 
-0.0023 
(0.0020) 
DV: GroupMessageijt     
Chatijt 
-0.6454*** 
(0.0247) 
-1.0433*** 
(0.0337) 
-1.3921*** 
(0.0603) 
44.9511*** 
(3.7602) 
Messageijt 
-0.6803*** 
(0.0249) 
-0.8953*** 
(0.0296) 
-1.0053*** 
(0.0263) 
-5.6870*** 
(1.0307) 
 
6. CONCLUSION, LIMITATION AND 
FUTURE RESEARCH DIRECTION 
Despite the surging popularity of SNSs our understanding of how 
users utilize the sites is still limited. In particular, little work exists 
that examines how users are connected across multiple channels. 
In this paper, we estimate the cross effects across multiple 
communication channels. We believe that our paper takes a step 
in analyzing multiplex networks in a SNS. 
Despite the interesting findings of this study, there are limitations. 
First of all, our models do not disentangle the situation-based 
contexts due to a lack of data (e.g., what contents are conveyed 
and the sequence of communication channels). There has also 
been considerable work on analyzing discussions or comments in 
blogs (e.g., text mining) as well as utilizing such communication 
content to predict its consequences such as user behavior, sales, 
stock market activity. 
Some SNSs provide indirect communication or conversational 
mechanisms to their members. The users’ involvement and their 
contribution through non-message-based interactions – for 
example, picture and video sharing (Flickr.com and 
YouTube.com), music recommendation (Last.fm), news voting 
(Digg.com) and social bookmarking (del.icio.us) – have become a 
major force behind the success of the SNSs. This has given rise to 
an interesting pattern of social action based interaction among 
users. This new type of user interactional modality should be 
another interesting subject. We cannot analyze how users’ social 
networking behavior is connected to their offline connection and 
activities. Further research could also attempt to develop 
generalized framework for viral marketing given multiple 
connections among users. 
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